Genome annotation is a tedious task that is mostly done by automated methods; however, the accuracy of these approaches has been questioned since the beginning of the sequencing era. Genome annotation is a multilevel process, and errors can emerge at different stages: during sequencing, as a result of gene-calling procedures, and in the process of assigning gene functions. Missed or wrongly annotated genes differentially impact different types of analyses.
Introduction
Sequencing the first complete genome of Haemophilus influenzae in 1995 opened a new page in genome sciences. It took eight more years (till 2003) to increase the number of complete sequenced genomes to 100. This number was doubled by the year 2005, and by 2010 more than 1000 completely sequenced bacterial and archaeal genomes were available at GenBank, with approximately four times this number of genomes in the process of being sequenced. In September of 2009 the GOLD database (Liolios et al., 2008) listed 5902 genome projects; 4242 of these were bacterial genome projects, of which 1154 were listed as complete and 966 in draft. With such a tempo it is obvious that the burden of genome annotation will be assigned mostly to automated methods. However, the accuracy of automated approaches has been questioned since the beginning of the sequencing era (Friedberg, 2006) .
Genome annotation is a multi-level process that includes prediction not just of coding genes, but also of pseudogenes, promoter regions, direct and inverted repeats, untranslated regions and other genome units. For a comprehensive review of genome and proteome annotation see Reed et al. (2006) and Reeves et al.(2009) . In this paper we briefly review the problems associated with identification of coding sequences (CDS) in bacterial and archaeal genomes and demonstrate how comparative genomics can help in the location of missed genes.
Bacterial and archaeal genomes, as well as those of some eukaryotic micro-organisms, have the considerable advantage of usually lacking introns, which makes the process of gene boundary identification much easier. Nevertheless bacterial or archaeal gene-calling procedures are not error free. In the absence of introns, it might have seemed that ORFs can be designated as any substring of DNA that begins with a start codon and ends with a stop codon. If we apply this rule to any bacterial or archaeal genome we will obtain many overlapping and short ORFs. A difficult task for gene prediction software is to decide which one from two overlapping ORFs represents a true gene. This is especially true for those ORFs that are encoded on the complementary DNA strands. Gene-prediction methods (see Do & Choi, 2006; Stothard & Wishart, 2006 for reviews) are based on hidden Markov models (HMMs), such as those implemented in Glimmer (Salzberg et al., 1998) or GeneMark (Besemer et al., 2001) . To apply them to a new sequence, one must train prediction models on a set of known genes. HMM-based gene prediction methods proved to be very efficient; however, they have inherent restrictions. A training set must be chosen from the genome that has to be annotated. This implies that genes with atypical nucleotide composition could be missed. Another source of potential errors in gene prediction is the choice of a start codon, which can be one of the six potential candidates in prokaryotes (ATG, GTG, TTG, and in some cases ATT, CTG and ATC) (see Yada et al., 2001 and Zhu et al., 2004 on translation initiation site prediction in prokaryotes). Stop codons can also have a dual function, as stop codons TGA or TAG may encode selenocysteine and pyrrolysine. Another problem is to decide on the cutoff for filtering short ORFs that might encode small polypeptides. Some genes are missed because they have programmed frameshifts (Farabaugh, 1996) . Second-generation annotation systems (see below) try to combine multiple gene-calling programs, but this sometimes leads to gene overcalling (i.e. gene called present when a gene is in fact absent) due to the conflict between multiple gene-prediction algorithms (Armengaud, 2009) .
Genes with wrong functional annotation and missed genes differentially impact different types of analyses. Comparative genome analysis usually consists of identification of orthologues and paralogues, and instances of gene gain and gene loss. Orthologues are used to infer evolutionary relationships between species, and a gene with a wrong annotation may be immediately detected, because in a phylogenetic tree it would be surrounded by genes with different annotations; however, this assumes that the annotation error is unique to individual genes and was not propagated between the genomes that contain the neighbouring genes. Short erroneously identified ORFs also would not greatly impact an orthologue collection as they most likely would not have orthologues in other genomes. They will mistakenly increase the set of ORFans, the origin of which is still a debated question (Siew & Fischer, 2003) . However conclusions made about gene gain and loss, which are based on gene presence and absence analysis, could be wrong if a gene was missed as a result of gene-calling procedures. Missed genes have a particularly strong impact on the delineation of the core genome for a large and diverse group of organisms, and on identification of strain-or species-specific genes. The percentage of missed genes in one genome likely does not exceed 5-10 %; however, even a single missed gene can lead to a wrong biological inference, especially if the missed gene is a key enzyme of a metabolic pathway.
Error estimation in annotated genomes
Sequencing errors in the early 1990s were estimated at the order of 0.1 % (Bork & Bairoch, 1996) . These errors are responsible for frameshifts and stop-codon introduction (see below), and can influence recognition of a gene and its functional assignment. Next-generation sequencing considerably reduced cost and time, but did not greatly reduce sequencing error rate. For example, de novo assembly of the Pseudomonas syringae genome using Illumina/Solexa short sequence reads was done with an error rate of 0.33 % (Farrer et al., 2009 Knapp & Chen (2007) ; the authors reported that no significant improvement in the quality of de novo gene prediction methods occurred during the previous 5 years. The programs were tested on human sequences, where CDS prediction is complicated by exonic and intronic structures. For additional assessment of the quality of gene-prediction methods see Majoros et al. (2003) . Bakke et al. (2009) evaluated three second-generation geneannotation systems on the genome of the archaeon Halorhabdus utahensis at a different level of annotation: from the performance of de novo gene-prediction models to the functional assignments of genes and pathways.
Comparison of gene-calling methods showed that 90 % of all three annotations share exact stop sites with the other annotations, but only 48 % of identified genes share both start and stop sites. Palleja et al. (2008) performed an interesting investigation of overlapping CDS in prokaryotic genomes. They compared overlapping genes with their corresponding orthologues and found that more than 900 reported overlaps larger than 60 bp were not real overlaps, but annotation errors.
In addition to errors in CDS prediction, functional assignments are not error free either. One of the first estimations of the error rate of gene functional assignment was performed by comparing three published annotated genomes of Mycoplasma genitalium (Brenner, 1999) . Of 702 annotated CDS, 55 cases (8 %) showed discrepancies in annotation. The errors intrinsic to the genome-annotation process were discussed by Devos & Valencia (2001) , and the authors emphasized that most functional annotations in complete genomes are based on a relatively weak sequence identity. The estimation of potential errors of the first three published genomes of Haemophilus influenzae, Mycoplasma genitalium and Methanococcus jannaschii showed that, depending on the type of function, the expected rate of errors varies from less than 5 % to more than 40 % (Devos & Valencia, 2001 ). Bork (2000) estimated that 70 % accuracy in the annotation of functional and structural features has to be considered as a success (see also Table 1 in Bork, 2000) . The reason for such a high error rate, as Bork pointed out, is that a functional annotation is based on knowledge databases that are still of insufficient quality. Nagy et al. (2008) discuss the identification of incorrectly predicted genes and proteins in public databases such as EnsEMBL and UniProtKB/ TrEMBL, or by NCBI's GNOMON annotation pipeline. More recent estimates of error rates in curated sequence annotations stayed at the same level of 28-30 % (Jones et al., 2007) . Jones et al. (2007) raised the issue, already discussed by Devos & Valencia (2001) , that functional prediction is often made based on low sequence identity, which is not sufficient to accurately pinpoint function. In recent reviews on the genome-annotation process (Lee et al., 2007; Reeves et al., 2009 ) the authors acknowledge the fact that the functional annotation is most difficult, and that errors in well-known and popular databases propagate to the newly annotated genomes. For example, several ABC transporter operons in Thermotoga genomes were initially annotated as oligopeptide transporters because of their similarity to archaeal homologues. However, experimental studies and inspection of neighbouring genes revealed saccharides and oligosaccharides as the transported substrate (Nanavati et al., 2006) . In this example, the original annotation correctly identified the operons as encoding ABC transporters, but was wrong in identifying the transported substrate. The complexity of an often hierarchical annotation makes it extremely difficult to estimate the real extent of error rates in functional annotation. The process of error correction will be gradual (see also the discussion of possible solutions below) and the methods of comparative genomics may be of great use.
Comparative genome analysis as a refining tool
Despite a high error rate in gene functional assignment, the aid of automated annotation cannot be discarded, as it is always more effective to refine an existing annotation than to do a new one without prior automated annotation from scratch. Furthermore, comparative genome analysis often is not based on gene annotations, but uses the called gene sequences directly to identify orthologues, an approach that can be very useful in identifying missing orthologues. The identification of orthologous genes is usually based on similarity scores and can include information from phylogenetic reconstruction and from neighbouring genes (Arigon et al., 2008; Poptsova, 2008) . Some analyses in comparative genomics do not depend on functional annotation; nevertheless, in analysing absence and presence data for orthologous genes researchers need to exercise caution. While the rate of false negatives in gene calling is small, the combined effect of missed identifications in analysing several genomes is often cumulative. If, for example, an individual gene has a 0.5 % chance of being missed, in calculating the core genome for a group of 25 individual genomes, over 10 % of the core genes would be erroneously excluded from the gene set giving the strict core. In the case of delineating the core genome, one solution is to relax the definition of a core gene (Lapierre & Gogarten, 2009 ), but for other applications, like phylogenetic profiling, solutions may be more complicated. The erroneous absence of a gene could be due to either a genecalling or a sequencing error. If only one base is changed (due to mutation or sequencing error), causing a frameshift or a stop-codon, an orthologue with an important function such as ATP synthase subunit, ribosomal protein or tRNA synthetase can be missed in gene calling. However, as we illustrate below, today many genes missed in gene calling do not contain changed nucleotides that led to frameshifts or stop codons.
In that respect, similarity-based methods are very useful to improve gene annotation (Medigue & Moszer, 2007; Windsor & Mitchell-Olds, 2006) . The comparative analysis of the yeast Saccharomyces cerevisiae and three closely related yeast species revealed gene-calling errors in 15 % of the genes (Kellis et al., 2003) . The method of ORF comparison between four species revealed 500 genes as meaningful, having frameshift indels and in-frame stop codons. Also, about 40 missed small genes were recognized in the intergenic areas. A similar approach was applied to the fungal pathogen Cryptococcus neoformans by Tenney et al. (2004) . Apart from identifying about 200 new genes, the authors validated prediction by reverse transcription PCR for 80 % of the newly discovered genes. The comparative genome approaches proved to be efficient even in more complex genomes such as mouse, rat and human (Tenney et al., 2004) , with more than 900 newly discovered genes.
For prokaryotic species, comparative analysis is easier since many genomes of closely related species and for multiple strains are available. Here we attempt to demonstrate how refinement of existing annotations of closely related organisms can be effectively done through a search for missing orthologues from incomplete orthologous families. We applied this approach to a test case of 30 Escherichia strains available at GenBank by January 2010: 29 Escherichia coli strains and one Escherichia fergusonii strain (see complete list in Supplementary Table S1 , available with the online version of this paper). We found that most orthologues missing in one of the 30 genomes are missing only in the annotation files, but that their sequence is found in the complete genome by BLAST searches on the nucleotide level. We distinguish three possible causes of gene absences in genome annotation: (1) the ORF was missed due to limitations of the ORF-finding programs used in annotation; (2) a mutation or sequencing error introduced a stop codon in the middle of the sequence; and (3) insertion/deletion created a frameshift. Orthologous gene families were selected with the BranchClust method (Poptsova & Gogarten, 2007) , which distributes all genes from a given set of genomes into complete and incomplete families of orthologues. For this illustration we selected only families with a gene absent in one of the 30 Escherichia genomes. A total of 762 families were reported with one gene missing. Surprisingly, this list includes conserved orthologous genes such as subunits of ATP synthases, aminoacyl-tRNA synthetases, ribosomal proteins, subunits of DNA polymerase I, II and III, and some other wellknown proteins (see full list in Supplementary Table S1) that are presumably essential for survival. These genes were indeed absent in the respective annotation files.
To test if the missed genes were really lost in the full genome sequences, annotated as pseudogenes, or missed only in the genome annotation, we performed the following analyses. One of the 29 orthologues was used as a query for a TBLASTN (Altschul et al., 1990) search of the full genome in which the gene was reported as missing. This target genome was used as a single nucleotide sequence. Of the 762 genes reported missing in one of the genomes, only 30 % did not produce significant hits (these genes are likely absent in the target genome); 2 % of significant hits were less than 90 % identical over the entire length of the query, but the remaining 68 % of the genes had significant hits with more than 90 % identity over the entire protein length of the query (Fig. 1d ).
Significant hits with more than 90 % identity over the entire protein length of the query were analysed in more detail, and three distinct cases of possible reasons for missing ORFs were recognized (Fig. 1a-c) . The first case comprises ORFs with 99-100 % identity with their corresponding orthologue that were missed at the stage of ORF prediction such as, for example, four ATP synthase subunits in E. coli APEC O1. As illustrated in Fig. 1(a) , an alternative annotation for hypothetical proteins (hp) exists on the opposite strand in the place where ATP synthase subunits should be located. In E. coli UTI89 both ATP synthase subunits and the hypothetical proteins on the opposite strand are identified, but in the E. coli APEC O1 annotation only the hypothetical proteins are listed, and annotations of the ATP synthase subunits are absent. We determined that 71 % of the missing ORFs have an alternative annotation either on the same or on the opposite strand (Fig. 1e) . These errors reflect the difficulty of some ORF-calling programs to decide on overlapping potential ORFs, which for many programs is more difficult than finding protein-coding regions (Aggarwal et al., 2003; Higgs & Attwood, 2005) . Surprisingly, this largest category of missed ORFs does not include any frameshifts or stop codons.
The second type of error is the introduction of a stop codon in the middle of the sequence that leads to shortened ORFs (Fig. 1b) . One example is a nucleotide substitution that introduces a stop codon in the tyrosyl-tRNA synthetase missing in the annotation of E. coli 536. The third type of error is an insertion or a deletion that creates a frameshift, and the resulting ORF has a completely different amino acid sequence downstream of the mutation. An example of an insertion leading to a frameshift in the middle of the sequence is depicted in Fig. 1(c) for the case of the phenylalanyl-tRNA synthetase b-subunit that is missing in the annotation of E. coli CFT073. If these genes were not essential genes, one would consider classifying them as pseudogenes, because the method of pseudogene identification is based on searching for stop codons and frameshifts in a gene sequence. The genes from all these examples are conserved orthologues, and many encode essential functions that seem unlikely to be lost or become pseudogenes. Thus we conclude that in many instances we observe consequences of sequencing errors. All significant hits with a hit length less than the entire length of the query are truncated orthologues and true candidates for pseudogenes (Liu et al., 2004) . Of the genes detected by our method as truncated ORFs, 34 % are reported in .gbk files as possible pseudogenes (see Supplementary Table S1) . Table 1 provides the list of gene-calling software used for annotation of the 30 Escherichia genomes. Fig. 1(e) summarizes how existing annotation is distributed over the number of missing ORFs that were found to produce significant hits with more than 90 % nucleotide identity over the entire protein length of the query. Of the missing genes, 61 % are genes whose sequences in the genomes with missing annotation do not have either stop codon or frameshift mutation. An alternative annotation exists for 71 % of these genes. About a third (34 %) of the missing genes were annotated as pseudogenes based on stop codon or frameshift introduction. An additional 4 % of missing genes with either stop codon or frameshift are not annotated as pseudogenes, but are potential candidates for pseudogenes. However the examples in Fig. 1(b, c) demonstrate that one should be cautious even with pseudogene assignment.
Alternative annotation resources and secondgeneration genome-anotation tools
For E. coli, a species of considerable interest, alternative annotation resources such as EcoCyc (Keseler et al., 2009) , GenoBase (Riley et al., 2006) and EcoGene (Rudd, 2000) are available for two K12 strains: MG1655 and W3110. Mistakes in ORF boundaries and pseudogene identification are demonstrated and discussed by Riley et al. (2006) for these two strains. Recently a major effort was undertaken in reannotation of 20 E. coli species (Touchon et al., 2009) . For many applications these alternative annotations are superior to the NCBI genome sequences, which have not been updated recently. However, many researchers use the NCBI site as a main resource of conveniently and centrally available bioinformatics data. Needless to say, most of the bacterial species do not have alternative annotation resources.
Earlier genome-annotation tools did not have a huge repository of sequences to use in similarity-based methods. The latest genome-annotation tools combine both de novo gene prediction (usually employing existing HMM-based programs) and similarity-based methods. From Table 1 one can see that most of the E. coli strains annotated in the years 2008-2009 used second-generation annotation systems: MaGe (Vallenet et al., 2006) , RAST (Aziz et al., 2008) , or in-house tools of the JGI or the J. Craig Venter Institute.
For de novo gene prediction, the MaGe annotation system uses the AMIgene (Bocs et al., 2003) program, based on HMM models. It then applies the methods of comparative genomics in finding orthologues in closely related genomes, and the orthologues found serve as a basis for the reconstruction of synteny blocks. The system is linked to knowledge databases, and functional assignment can be done in either automatic or manual fashion. The RAST server is another new fully automated tool for annotating Fig. 1 . Analysis of ORFs missing in one out of 30 completely annotated Escherichia genomes. (a) An example of several consecutive ORFs that were not recognized in one genome, even though the complete, uninterrupted ORFs are present. The operon is correctly annotated in the other genomes; however, in E. coli UTI89 additional hypothetical proteins are identified as being encoded on the complementary strand, and in APEC O1 only these hypothetical proteins are identified as ORFs at the expense of the ATP synthase subunit ORFs. (b, c) Examples of substitutions in the nucleotide sequence that led to stop codons (b) or frameshifts (c). Given the importance of the encoded proteins, it seems likely that in some of these instances the mutations are not real but reflect sequencing errors. (d) Distribution of missing genes with respect to BLASTN searches using the correctly annotated ORF from one of the other genomes as query. (e) Distribution of error types for those missing ORFs that had a match with more than 90 % sequence identity in the genome for which the ORF was missing in the annotation.
bacterial and archaeal genomes. It is implemented in the SEED framework (Overbeek et al., 2005) and uses a subsystem approach, which is based on the assumption that different experts annotate single subsystems over the complete collection of genomes, rather than one annotation expert annotating all of the genes in a single genome. The initial gene prediction is made using Glimmer software. The automated functional annotation is based on specific sets of orthologous families created in SEED. The annotated genomes can be conveniently browsed in the SEED environment. In our test study of 30 Escherichia genomes, missing conserved orthologues were not detected in the genomes annotated within the last 2 years.
The general tendency of improvement in genome-annotation packages comes from our increasing knowledge of genomes and from progress in methods and bioinformatics software. The most important issue today is to find a solution for how to update or even reannotate previously annotated genomes, and how the detected errors can be continuously corrected. It is currently difficult to update GenBank, EMBL, Swiss-Prot, or any other database, for researchers who did not generate the original record. An update mechanism exists only for specialized sites and specialized groups. Even the results of reannotation of 20 E. coli species, discussed earlier in this section, so far have not made it into the GenBank repository. The issue of updat- ing widely used databases was discussed by Salzberg (2007) , with the proposal of a wiki solution for genome reannotation. But such an approach may not be applicable for large repositories such as the NCBI. The growing genome repositories require a new level of periodic quality assessment.
Prospects for a perfect annotation
In the future, proteomics will allow for more accurate gene calling, because experimental protein expression data can be used to verify automatic gene identification (Ansong et al., 2008; Armengaud, 2009 ). Correlation of mass spectra from expressed proteins with a nucleotide database translated into the six reading frames was reported in 1995 (Yates et al., 1995) . At that time producing high-throughput experimental data for proteins was difficult. Nowadays, proteomics is so advanced that it can be used not only as a refining tool, but also at the primary stage of genome annotation (Armengaud, 2009 (Brent, 2008) . These forecasts are based on the success of cis-and trans-alignment of cDNAs for correction of intron-exon boundaries and for detecting genes de novo.
Genes that are expressed only under special conditions, or whose expression is below the detection level, pose a problem for proteomic and cDNA validation.
Last but not least, ultra-high-throughput next-generation sequencing technologies have stimulated the launch of numerous projects of de novo genome sequencing and of resequencing existing genomes. As a result, we will have more accurate genome sequences, and many sequencing errors will be fixed in the existing genomes. Also, this new technology will help to define more accurately the full complement of RNA transcripts in cells under different conditions. The accumulated experimental knowledge will provide positive feedback for the de novo gene-prediction methods that will be trained on experimentally verified data, and this will help to improve the theoretical models. Similarity-based methods will continue to be extremely useful for the refinement of the annotation as more and more closely related genomes become available.
Concluding remarks
Genome annotation includes gene prediction and functional annotation of predicted genes. Errors can accumulate at different stages, from genome sequencing to the assignment of metabolic pathways. In our examination of genes detected as missing in one out of 29 E. coli strains and one strain of the closely related species E. fergusonii, we found most of the errors in the earlier annotated genomes. Missed conserved orthologues were not detected in the genomes that were sequenced and annotated in the previous 2 years and with the use of the second-generation annotation systems that employ multiple de novo geneprediction and similarity-based methods. Thus the most pertinent issue is not that annotations contain unavoidable errors, but rather the need to fix them quickly and efficiently in the large data repositories that are widely used by researchers.
In using the collections of all translated ORFs contained in a genome, researchers need to be aware that an ORF could be missed or assigned an incorrect function even in the genomes of well-studied organisms. Before reporting the results based on gene presence or absence, the genome's nucleotide sequence should be used to confirm a gene's absence.
Since the time and effort needed for experimental identification of gene function are not comparable with those required for automated prediction methods, preference for the latter will stay firm in the near future. We observe a progress in the quality of gene prediction in the second-generation annotation systems, at least at the level of missed genes detection. This is explained by the extensive use of similarity-based methods to scan for genes in closely related species. Hopefully, the progress in nextgeneration sequencing technologies will help to further improve the de novo gene-prediction models.
